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Abstract 
Recent studies have suggested a key role of visual attention in processes of 
value-based decision-making. If this is true then brain activity in regions that 
are crucial for the processing of visual attention – such as the frontal eye field 
(FEF) – should play an important role in value-based choices. Currently, there 
is little evidence that supports such a causal role of the FEF. Here, we 
combined brain stimulation, eye tracking and computational approaches to 
examine this question. We document that inhibitory transcranial magnetic 
stimulation (TMS) over the right FEF indeed has a significant causal impact 
on value-based decision-making, reducing the effect of gaze dwell time on 
choice while also increasing response times. Importantly, these effects occur 
although TMS of FEF does not affect overt visual attention (i.e., the allocation 
of gaze dwell time), thus suggesting that FEF is part of a mechanism through 
which a given pattern of overt visual attention affects value-based choices. 
Using the attentional drift diffusion model (aDDM), we identify the 
computational mechanism through which the TMS of FEF exerts its 
behavioral effects more precisely by showing that the stimulation of FEF 
reduces the relative discounting of the unlooked at option in the comparison 
process. Our findings thus (i) establish an important causal role of the right 
FEF in value-based choices, (ii) indicate the computational mechanism 
underlying this role, and (iii) provide evidence in support of one of the key 
causal hypotheses embedded in the aDDM. 
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Introduction 
Decision-making – the process by which we make a choice when confronted 
with multiple alternatives - is in the interest of many disciplines.  In 
neuroscience, a prominent view is that this process consists of a sequential 
accumulation of evidence and a choice is implemented when the decision-
maker accumulates enough evidence in favor of one of the options.  
Furthermore, experimental and theoretical accounts support the idea that 
evidence accumulation is a domain-general mechanism underlying, 
judgments about the objective state of the physical world (perceptual 
decisions) (Bogacz et al., 2006; Brunton et al., 2013; Filimon et al., 2013; 
Heekeren et al., 2004; Roitman and Shadlen, 2002) and choices involving 
different subjective rewards (value-based decisions) (Basten et al., 2010; 
Hare et al., 2011; Hunt et al., 2012; Krajbich and Rangel, 2011; Krajbich et al., 
2010, 2015; De Martino et al., 2012; Philiastides and Ratcliff, 2013; Polanía et 
al., 2014; Roe et al., 2001; Tajima et al., 2016; Towal et al., 2013).  
For many decades the study of visual attention has attracted the 
interest of neuroscientists as well. Even though research in this area is 
diverse, it is widely agreed that visual attention allows us to selectively 
process the information in our environment.  According to this view, an 
important function of visual attention is to allocate greater computational 
resources to elements of interest in the visual scene, at the cost of diminishing 
the processing of unattended components (Carrasco, 2011; Chelazzi et al., 
2011; Itti and Koch, 2001).  Thus, the sequential orienting of attention towards 
different stimuli is crucial for understanding the whole visual scene and 
guiding our gaze through it (Eimer, 2014).  Moreover, while this selective 
process seems to be particularly important for coping with cluttered visual 
environments, previous investigations have shown that even in displays with 
two stimuli, attention is involved in the distribution of computational resources 
(Barbot et al., 2011; Herrmann et al., 2010; Montagna et al., 2009; Pestilli and 
Carrasco, 2005; Pestilli et al., 2007).  
Despite the fact that decision-making and visual attention are both 
central features of cognition, we still know relatively little about how they 
interact.  Recent investigations have shown that, during value-based 
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decisions, subjects shift their gaze between the options until one of them is 
selected.  These findings support the idea that selective visual attention 
participates in a comparison process that guides choice behavior (Ashby et 
al., 2016; Cavanagh et al., 2014; Konovalov and Krajbich, 2016; Kovach et 
al., 2014; Krajbich and Rangel, 2011; Krajbich et al., 2010; Lim et al., 2011; 
Schonberg et al., 2014; Shimojo et al., 2003; Stewart et al., 2016; Towal et al., 
2013; Vaidya and Fellows, 2015). However, while these studies have shown 
strong correlations between gaze patterns and choice, the issue of causality is 
still contentious. It is particularly unclear whether modulations of attention-
related brain activity lead to changes in value-based decision processes and 
choice behavior.   
In this study, we combined transcranial magnetic stimulation (TMS), 
eye tracking and computational modeling techniques to test whether neural 
computations in the right human Frontal Eye Field (FEF) guide value-based 
decisions.  This cortical region is a central component of the large brain 
network involved in controlling visual attention (Chelazzi et al., 2011; Corbetta 
and Shulman, 2002; Gilbert and Li, 2013; Squire et al., 2013). Research in 
both humans (Corbetta et al., 2002; Grosbras and Paus, 2002; Ruff et al., 
2006; Saygin and Sereno, 2008; Serences et al., 2005; Silvanto et al., 2006) 
and non-human primates  (Ekstrom et al., 2008; Moore and Armstrong, 2003; 
Moore and Fallah, 2004; Moore et al., 2003; Thompson et al., 1997, 2005) 
has repeatedly confirmed the crucial role of the FEF on the selective 
allocation of attention.  Interestingly, a large amount of evidence suggests 
that, in humans, visual attention processes are lateralized to the right 
hemisphere (Corbetta et al., 2005; Heilman and Abell, 1980; Thiebaut de 
Schotten et al., 2011).  We therefore focused on the role of the right FEF for 
implementing attentional effects on value-based decisions. 
We identified these attentional effects by means of a computational 
model, more specifically an attentional version of a Drift-Diffusion Model 
(aDDM).  This model assumes that decisions result from a process of 
evidence-accumulation in favor of one of the options.  However, two key 
distinctions differentiate the aDDM and standard drift-diffusion models (DDMs) 
applied to perceptual decisions.  First, in the aDDM, evidence is not provided 
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by a stream of noisy sensory information but by the values of the available 
alternatives.  Second, our model implies that overt attention is crucial for the 
decisions because the accumulation of evidence is temporarily biased in favor 
of the fixated option.  Formally, the aDDM captures the evidence 
accumulation process with a relative decision value (RDV) that evolves 
stochastically as follows. Let Vt be the value of the RDV at time t while d is a 
constant that controls the speed of change (in units of ms−1), and let rleft and 
rright denote the values of the two options.  Let θ (between 0 and 1) be a 
weight that discounts the value of the unattended alternative and, therefore, 
biases the RDV in favor of the attended one. ξ is white Gaussian noise with 
variance σ2, randomly sampled once every millisecond. Then, when a subject 
focuses on the left option, the RDV progresses according to  
Vt = Vt-1 + d (rleft – θ rright) + ξ, 
and when the subject focuses on the right option, the RDV changes according 
to  
Vt = Vt-1 + d (θ rleft - rright) + ξ. 
If the RDV reaches the +1 threshold the left reward is chosen and if it reaches 
the −1 threshold the right reward is chosen. 
The aDDM predicts, first, that in hard decision problems (i.e., decisions 
involving options with similar values), the evidence accumulation bias induced 
by visual attention inclines the decision-maker to select the longest attended 
alternative. This follows from the assumption that unattended options are 
discounted.  Second, the model also implies that this bias is stronger in hard 
decisions with higher overall value (OV), i.e., when the sum of the options’ 
values is large. In this case, evidence is accumulated in favor of the attended 
option at a faster rate because of the multiplicative effect of the discount θ on 
the unattended option. This enhanced effect of attention on evidence 
accumulation during high OV decisions leads, to faster choices and increases 
the decision-maker’s tendency to select the longest attended alternative.  This 
prediction is illustrated by Figure 1a and 1b: During a decision with high OV 
(Figure 1b), the RDV progresses in favor of the attended option with a much 
steeper slope, when compared to a low OV decision (Figure 1a).  Third, the 
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model implies that a decision-maker with a weaker attentional influence on the 
evidence-accumulation process (i.e., a higher value of the parameter θ) will – 
particularly in decisions with high OV – choose the longest attended option 
with lower likelihood and will be slower in his responses.  This effect can be 
seen in Figure 1a and 1b if one compares the RDV corresponding to a low θ-
value (green) with the RDV that correspond to a high θ-value (red). In case of 
a low OV decision (Figure 1a) the high-θ RDV (in red color) progresses in 
favor of the attended option only with a slightly lower slope than the low-θ 
RDV (in green color).  However, during a decision with high OV (Figure 1b) 
the high-θ RDV evolves with a much lower slope than the low-θ RDV. 
To test these predictions, we conducted an experiment in which 
subjects performed a series of binary value-based decisions after receiving 
inhibitory TMS over the right FEF (experimental group) or the Vertex (control 
group). In the first task of the experiment, we asked the participants to rate a 
set of food items. Subjects were instructed to press the space bar for the food 
items that they did not like at all, and to rate the remaining items on a scale 
from 0 to 10 based on how much they would like to eat that food at the end of 
the experiment (Figure 1c). This rating task gave us an estimation of each 
food item’s subjective value and allowed us to exclude disliked items.   
After the rating task, subjects received continuous theta burst TMS 
over the right FEF (n = 23) or the Vertex (n = 22) (Figure 1d). This TMS 
protocol consists of 600 magnetic pulses, administered over 40 seconds in 
bursts of 3 pulses at 50 Hz (20 ms) repeated at intervals of 5 Hz (200 ms), 
and it has been shown to elicit inhibitory effects of the targeted area for more 
than 40 minutes (Huang et al., 2005).   
Immediately after the stimulation procedure, participants performed a 
binary choice task between positively rated food items.  In each trial, one of 
the food items was presented on the left and the other on the right side of the 
screen, and decisions were self-paced (Figure 1e).  In our choice task, we 
also recorded subjects’ eye movements to measure their gaze patterns during 
the decision process.  According to our model, subjects receiving control 
stimulation are inclined to select the longest attended option and, in trials with 
high OV, this choice tendency should be more pronounced and coupled with 
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faster responses. Additionally, we hypothesized that activity in the right FEF 
determines the strength of this attentional influence on evidence accumulation 
and therefore, on choice behavior.  Thus, we expected that inhibitory TMS on 
the right FEF would decrease the attentional bias on evidence accumulation 
(i.e., increase θ).  This weakened bias would, in turn, lead to slower 
responses and diminish the choice tendency in favor of the longest attended 
alternative - especially in the decisions with high OV (Figure 1a and 1b).  To 
test the specific hypothesis derived from the aDDM, we designed this task as 
follows: First, the food items we presented were selected such that – for each 
participant – the difference in ratings between the left and right items (VD = 
Left item value - Right item value) was constrained to be -1, 0 or +1.  This 
allowed us to focus on hard choice problems, where a possible attentional 
influence on the decision process is more likely to lead to changes in choice 
behavior.  Second, in order to test the predicted effects of OV and FEF-TMS 
on choice behavior, our task had two conditions.  In the low OV condition, 
each subject had to choose between two poorly rated food items, whereas 
trials in the high OV condition only involved highly rated food items (Figure 1f 
and 1g) (See Methods section for a detailed description of the experimental 
and stimulation procedures).    
 
Results 
Does TMS affect the orienting of overt visual attention? 
One of our main hypotheses stipulates that, relative to control stimulation, 
FEF-TMS reduces the attentional influence on evidence accumulation by 
reducing the discounting of the non-attended option. Note that this hypothesis 
does not say that FEF-TMS affects overt attention towards specific regions of 
the visual scene (for instance, by leading to longer dwell times on the left or 
the right food item relative to control stimulation) but, in principle, FEF-TMS 
could have had such an effect. Therefore, we first examined the impact of 
FEF-TMS on gaze patterns.  
Subjects have a strong tendency to look first at the left food item but 
the stimulation of the right FEF does not affect this tendency relative to the 
Vertex group (Figure 2a). In addition, we ran a logistic mixed-effects 
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regression to examine whether the first gaze in a trial goes to the best item. 
The results show that, consistent with prior work (Krajbich et al. 2010), the 
first gaze is equally likely to go to the better or worse item.  Moreover, the OV 
condition, the FEF stimulation, and their interaction, show no significant 
effects (see Table S1 for a detailed description of the regression results on 
the first gaze location).  
We also examined whether FEF-TMS affects total dwell time on the left 
or the right food item, but again the stimulation had no significant effects 
(Figure 2b). Finally, we ran a linear mixed-effects regression with total dwell 
time on each food item as the dependent variable. This analysis shows that 
the total dwell time on each item decreases in the high OV condition relative 
to the low OV condition – a result that is predicted by the aDDM (see Figure 
1a and 1b). This regression also shows, however, that – in line with Figure 2b 
– FEF-TMS has no observable effects on dwell times for the left or the right 
food item: the FEF dummy variable and all interactions with the FEF dummy 
are statistically insignificant. Therefore, we conclude that FEF-TMS did not 
induce any observable changes in visual exploration relative to Vertex-TMS 
(see Table S2 for a detailed description of the regression results on the total 
dwell time on the left and right food items). 
 
How does TMS affect choices and reaction times? 
With regard to choices and reaction times (RTs), we tested specific 
hypotheses based on our theoretical framework. For this purpose, we 
conducted a logistic mixed-effects regression in which the choice of the longer 
attended food item was the dependent variable, with a dummy variable for 
FEF-TMS group, the dwell time advantage and the OV condition as fixed 
effects, and all their interactions. We also used random effects for repeated 
measures within subjects (see Table S3 for a detailed description of the 
regression results on choices).  Hypotheses about subjects’ decision speed 
were tested with a linear mixed-effects regression of log(RT) on stimulation 
group, OV condition and their interaction as fixed effects, and random effects 
for repeated measures within subjects (see Table S4 for a detailed description 
of the regression results on RTs).  
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The aDDM predicts that subjects in the Vertex group should select the 
longest attended alternative and, for high OV decisions, this choice tendency 
should be stronger and coupled with faster responses.  The choice behavior 
of subjects in the Vertex group confirmed these predictions.  During low OV 
decisions, the subjects were more inclined to choose the left (right) food item 
as its dwell-time advantage relative to the right (left) food item increased 
(dwell-time advantage: beta = 0.23385, p = 0.012) (Fig. 3a).  Furthermore, 
during decisions with high OV, this choice tendency in favor of the longest 
attended item was enhanced, as indicated by the fact that the green line in the 
high OV condition of Figure 3a is much steeper than the green line in the low 
OV condition (OV*dwell-time advantage: beta = 0.39714, p = 0.01). This 
means that during high OV decisions, a given dwell-time advantage for the left 
(right) food item leads to an increased likelihood that the left (right) item will be 
chosen (relative to low OV decisions).  Additionally, this enhanced choice 
tendency in favor of the longest attended item during high OV decisions was 
coupled with shorter RTs (OV: beta = -0.0991, p = 10-12) (Fig. 3b). This is 
illustrated in Figure 3b where the mean RT for the control group is higher in 
the low OV condition (blue vertical line in the top panel) relative to the high OV 
condition (blue vertical line in the bottom panel), because during low OV 
decision there is a greater proportion of slow responses.  Thus, the behavior 
of the control group conformed to the predictions of our computational model. 
A central hypothesis in this study is that inhibitory TMS on the right FEF 
leads to a weaker influence of attention on the decision process, which 
according to the aDDM, should be reflected by a reduced choice tendency in 
favor of the longest attended item and longer RTs in comparison to the Vertex 
group. Importantly, our model predicts that choices and RTs will be 
particularly affected during decisions with high OV.  We indeed find that FEF-
TMS leads to behavioral modulations specifically in decisions with high OV. 
When subjects faced options with a high OV, those who received inhibitory 
TMS over the FEF were significantly less likely to choose the longest attended 
item (FEF*OV*dwell-time advantage: beta = -0.58726, p = 0.0025) (Fig. 3a 
Right) and also displayed a greater proportion of slow responses (FEF*OV: 
beta = 0.04972, p = 0.011) than the control group (Fig. 3b Bottom). During 
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decisions with low OV, FEF-TMS did not induced observables differences in 
the likelihood of choosing the longest attended option (FEF*dwell-time 
advantage: beta = 0.19709, p = 0.13; Figure 3a Left) or RTs (FEF: beta = 
0.018, p = 0.82, Figure 3b Top). 
 
Model fitting 
According to our hypothesis, inhibitory TMS on the right FEF will decrease the 
attentional discount (i.e., increase θ) on the unattended option during the 
evidence accumulation process. The behavioral analyses reported above are 
consistent with this hypothesis. Next we sought to provide even stronger, 
more direct evidence for this hypothesis by showing that the estimated θ 
parameters are indeed higher for the subjects in the FEF-TMS group while the 
other parameters of the aDDM remain unaffected.  
For this purpose, we fitted the aDDM to the individual data of each 
participant and used maximum likelihood estimations (MLE) to determine the 
parameter values that fit the data best (see the Methods section for the details 
about the fitting procedure).  This allowed us to infer the whole underlying 
distribution of aDDM parameters (the discount parameter θ, the drift 
parameter ‘d’ and the variance σ2 of the noise parameter) across subjects in 
both TMS groups. By comparing the cumulative distribution (ECDF, see 
Figure 3c – 3e) for each of these parameters across subjects, in both 
stimulation groups, we were able to establish how FEF-TMS affected these 
parameters. Note, that in principle any of the three parameters of the model 
(θ, drift and σ) could be affected by FEF-TMS.  
Our results indicate, however, that only the discount factor θ is affected 
by FEF-TMS.  FEF-TMS shifts the whole distribution of the θ parameters to 
the right relative to the control group, indicating higher θ’s and thus a weaker 
attentional discount for the unattended option for subjects in the FEF-TMS 
group (Mann–Whitney U test, W = 177, p = 0.043; Fig. 3c).  Furthermore, this 
difference between the stimulation groups was not observed when comparing 
the distributions of the drift (Mann–Whitney U test, W = 245, p = 0.86; Fig. 3d) 
and σ parameters values (Mann–Whitney U test, W = 252, p = 0.99; Fig. 3e), 
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showing that the effects on choice behavior induced by TMS on the right FEF 
were specifically due to the modulation of attentional processes.  Finally, it is 
important to note that the parameter values obtained from our MLE procedure 
produce quantitative model predictions that accurately fit subjects’ choices 
and RTs in both TMS groups (Fig. 3 f-g). 
 
Discussion 
Based on our computational modeling framework, we developed a paradigm 
that allowed us to provide causal evidence on how neural computations in the 
right FEF guide value-based decision-making. Results on both choice 
outcomes and RTs support the idea that during simple value-based decisions, 
visually guided comparisons of the available options induce a proclivity for 
choosing the longest attended alternative. Furthermore, our behavioral and 
modeling results show that inhibitory TMS of the right FEF leads to changes in 
attentional process that, in turn, affect choice and RTs patterns - without 
systematically biasing gaze/dwell time towards specific regions of the visual 
scene.  In other words, relative to control stimulation, TMS of the right FEF 
does not affect how subjects initiate the visual comparison process or the 
allocation of dwell time on the left and the right food items (Figure 2a and 2b), 
but it reduces the tendency to chose the longest attended option and 
increases decision speed.  Finally, our experimental paradigm also allowed us 
to confirm that this attentional influence on the decision process is amplified 
during choice problems with high OV, as implied by the aDDM. 
Which are the neuronal mechanisms by which visual attention 
modulates value-based decision processes? Previous psychophysical studies 
have shown that, relative to unattended visual stimuli, perceptual sensitivity is 
enhanced for attended elements of the visual scene (Barbot et al., 2011; 
Herrmann et al., 2010; Montagna et al., 2009; Pestilli and Carrasco, 2005; 
Pestilli et al., 2007). These investigations suggest that attended visual stimuli 
have stronger representations than unattended ones, and this view has been 
supported by neurophysiological reports in humans (Kastner et al., 1998; Liu 
et al., 2005; O’Craven et al., 1997) and non-human primates (Connor et al., 
1997; Martinez-Trujillo and Treue, 2002; Reynolds and Desimone, 2003; 
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Reynolds et al., 2000) showing attention-dependent modulations of activity in 
visual areas such as V4 and MT-V5.  More precisely, these investigations 
have shown that neuronal populations that code for attended locations of the 
visual scene display enhanced activity, relative to neurons representing 
unattended locations.  Furthermore, prevailing evidence indicates that the 
FEF is a possible source of these attention-dependent modulations.  
Investigations combining brain stimulation with correlational techniques have 
shown that modulations of neuronal activity in the FEF induce similar 
attentional effects on both behavior and neuronal activity in early visual areas 
(Moore and Armstrong, 2003; Moore and Fallah, 2004; Ruff et al., 2006; 
Silvanto et al., 2006).   Additionally, it has been suggested that these 
attention-dependent behavioral effects are due to a boost in synchronization 
between FEF and V4 at the gamma-band frequency (Gregoriou et al., 2009).   
Could it be possible that attentional modulations of value-based 
decisions processes are based on similar mechanisms to those found in 
perceptual decisions?  Extensive research indicates that value signals are 
represented by the neuronal activity of a large network of brain areas 
including the ventromedial prefrontal cortex (vmPFC), orbitofrontal cortex 
(OFC), ventral striatum (vStr) and the posterior parietal cortex (PPC) (Bartra 
et al., 2013; Cromwell and Schultz, 2003; Hare et al., 2008, 2011; Kahnt et al., 
2014; Padoa-Schioppa and Assad, 2006; Platt and Glimcher, 1999).  A recent 
investigation suggest that neuronal activity in these areas can be modulated 
by visual attention during value-based decisions (Lim et al., 2011).  
Furthermore, recent studies have shown that fronto-parietal synchronization 
at the gamma frequency is a neuronal fingerprint of value-based decision 
processes and decreasing the degree of coherence between parietal and 
frontal activity leads to inaccurate choices (Polanía et al., 2014, 2015). 
Taking together, our findings demonstrate the relevance of the FEF for 
attention-dependent modulations of value-based decision processes, and, 
more generally, they suggest directions for future investigations on the 
interaction between visual-attention brain networks and areas coding value-
signals. 
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Methods 
Experimental procedure. Forty-five right-handed subjects (20 females, mean 
age ± SD = 23.14 ± 2.39) without a history of implanted metal objects, 
seizures or any other neurological or psychiatric disease participated in the 
experiment. Only subjects who reported not being on a diet were allowed to 
participate. Subjects were informed about all aspects of the experiment and 
gave written informed consent. Subjects received monetary compensation for 
their participation, in addition to receiving - at the end of the experiment - the 
chosen food item from a randomly selected choice trial.  The experiments 
conformed to the Declaration of Helsinki and the Ethics Committee of the 
Canton of Zurich approved the experimental protocol.  
 
In a first task, subjects rated 148 food items (average duration of 10 minutes 
and 16 seconds, SD = 1 minute and 5 seconds). Every food item was 
presented individually on a computer screen for 2 seconds, followed by a 
rating screen (free response time).  Subjects were instructed to press the 
space bar for those food items that they did not like at all, and to rate the 
remaining items on a scale from 0 to 10 based on how much they would like 
to eat that food at the end of the experiment. This rating task gave us a 
measure of the subjective value for each food item and allowed us to exclude 
disliked items (Fig. 1a).  After the rating task, subjects received inhibitory TMS 
on the right Frontal Eye Field or control stimulation on the vertex.  Subjects 
were randomly assigned either to the control stimulation group or the 
experimental stimulation group (FEF-TMS) before showing up to the 
experiment.  In the second task, right after the stimulation procedure, 
participants made 180 decisions between pairs of positively rated food items 
(average duration of 20 minutes and 36 seconds, SD = 5 minutes and 18 
seconds).  The food items we presented were selected such that – for each 
participant – the difference in ratings between the left and right items (VD = 
left item value - right item value) was constrained to be -1, 0 or +1. As 
mentioned before, this was done to focus on difficult choice problems where 
attention is more likely to change the choice outcomes.  Additionally, this task 
had two conditions with respect to overall value (OV = left item value + right 
item value).  For each subject, we generated a high OV condition and a low 
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OV condition. In the high OV condition, subjects had to choose between two 
very appetitive (highly rated) foods, whereas decisions in the low OV condition 
only involved slightly appetitive (low rated) options (Fig. 1 d-e).  During the 
binary choice task, subjects’ gaze was recorded at 250 Hz with an EyeLink-
1000 (http://www.sr-research.com/).  Choice trials with no gaze time on any 
food item were excluded from the analysis (0.008% of the pooled data from 
the 45 subjects). The mean (s.e.m.) number of trials dropped per subject was 
1.44 ± 0.67.  Both tasks were programmed in Matlab 2013b (Matworks), using 
the Psychophysics Toolbox extension (Brainard, 1997; Pelli, 1997; Kleiner et 
al, 2007).  We used the R package for statistical analysis of the behavioral 
and gaze results from the decision task (lme4 extension). 
 
Stimulation. Subjects performed the binary choice task after receiving 
continuous theta burst TMS on the FEF (experimental group, n = 23) or the 
Vertex (control group, n = 22).  In this TMS protocol 600 magnetic pulses 
were administered over 40 seconds in bursts of 3 pulses at 50 Hz (20ms) 
repeated at intervals of 5 Hz (200 ms) (Huang et al., 2005).  TMS pulses were 
delivered using a biphasic repetitive stimulator (Superapid2, Magstim, 
Withland, UK) with a 70 mm diameter eight-figure coil, and stimulation 
intensity was calibrated, for each subject, at 80% of his active motor 
threshold.  Prior to the experimental tasks, a structural T1-weighted 
anatomical MRI scan was acquired for every subject and reconstructed in 3-D 
for online neuro-navigation and precise placement of the TMS coil, with the 
Brainsight system (Rogue research).  To stimulate the right FEF, the center of 
the coil was located on the right hemisphere, just anterior to the junction 
between the pre-central sulcus and superior frontal sulcus.  During all the 
stimulation procedure, the coil positioned tangential to the targeted site and 
kept steady with a mechanical arm, with its handle oriented  ~ 45˚ in a rostral-
to-caudal and lateral-to-medial orientation (i.e., parallel to the central sulcus).  
For stimulation on the vertex, the procedure was as above except that the 
center of the coil was located over the central fissure, at the intersection of the 
left and right central sulci, with the handle pointing backwards (See Fig. 1b). 
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Model fitting. We fitted the model to the individual data of each subject using 
maximum likelihood estimations.  For both OV levels (low and high), the 
model was fitted to the RT data separately for trials in which the longest 
attended food item was chosen and trials in which the shortest attended food 
item was chosen. Each RTs distribution was binned with 0.1, 0.3, 0.5, 0.7, 
and 0.9 quantiles.  We followed this procedure in order to account for both 
RTs and choice tendency at each OV level.  To identify the parameters that 
maximized log likelihood for each subject, we used a random search grid of 
values for d = [0.0001, …, 0.0003], sigma = [0.0015, ..., 0.0025] and theta = 
[0, …,1].  Each parameter value was sampled 1000 times for each subject 
from a uniform distribution and they were randomly combined to form 1000 
sets of parameters.  Every individual decision was simulated 50 times for 
each set of parameters of the individual random search grid. 
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Figure 1. Computational model and Experimental procedure.  
(a, b) Simulated runs of the attention-based Drift Diffusion Model (aDDM) to provide an 
intuition of the model predictions for decisions with similar-valued options (i. e., “hard 
decisions”) with low (a) and high overall value (OV) (b). The simulations are run for a subject 
with a typical attentional discount of the unattended option (low θ-value, green line) (drift = 
0.0002, θ = 0.3, σ2 = 0.02) and a subject with a lower attentional discount (red line) that is 
represented by a “high” θ-value (drift = 0.0002, θ = 0.5, σ2 = 0.02).  Dark (light) gray areas 
indicate dwell time on the left (right) item. The left item is selected when V reaches 1 and the 
right item is selected when V reaches -1.  For the subject with a typical (i.e., low) θ-value, the 
relative decision value (V) evolves over time with a slope that is biased toward the item that is 
being fixated (green lines). During the low OV decisions (a), this biased evidence 
accumulation leads to a certain tendency to choose the longest fixated item.  During the high 
OV decision (b), V progresses towards the attended option at a faster rate, leading to a faster 
response and a stronger propensity to choose the longest attended alternative.  For subjects 
with a weaker attentional discount (higher θ-value) the progression of V towards the attended 
option is smaller (red lines), leading to longer response time until a decision is made and a 
weaker propensity to choose the longest attended option. This effect is relatively weak during 
low OV decisions but much stronger in high OV decisions.  (c) Rating trial.  A food item was 
presented individually for 2 seconds. Then subjects rated the item on a scale from 0 to 10 or 
excluded the item by pressing the space bar (no time limit).  d) Stimulation.  After the rating 
task subjects received continuous theta burst TMS on the vertex (left) or the right FEF (right).  
(e) Choice trial.  Subjects had to fixate a central cross for 2 s.  Then they were presented with 
images of two food items until they made their choice.  After a selection, the chosen option 
was highlighted with a red box for 1 s.  (f) Distribution of the food item ratings of a typical 
subject.  Lowly rated food items (light blue) were combined to form low OV decisions and 
highly rated food items (dark blue) were combined to form high OV decisions. (g) 
Distributions of trials according to OV for the same subject.  Decision problems with low OV 
are depicted in light blue and those with high OV are in dark blue. 
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Figure 2. Gaze patterns.  
(a) Probability of looking first at the left food item during a decision trial. Error bars indicate 
the standard error of the mean. Subjects have a strong tendency to look first on the left food 
item, regardless of VD and OV condition. Importantly, FEF-TMS does not produce observable 
changes in this tendency.   (b) Total dwell time on the left and the right food Item as a 
function of value difference, during low and high OV decisions, for subjects in the Vertex-TMS 
and the FEF-TMS groups. Error bars indicate the standard error of the mean. Stimulation on 
the FEF does not induce observable changes in total dwell time on the item located on the left 
side of the screen or the item on the right side, relative to Vertex stimulation. 
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See figure legend in the next page 
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Figure 3. Behavioral results and model fitting. 
(a) Choice tendency. Quantiles indicate the dwell time advantage of the left item relative to 
the right item. Quantile 3 represents decisions when both items have similar total dwell time.  
Quantiles 1 and 2 indicate increasing dwell time advantage for the right item and quantiles 4 
and 5 indicate increasing dwell time advantage for the left item. In the low OV condition there 
are only small treatment differences (Vertex vs. FEF) in the tendency to choose the longest 
attended option. In contrast, in the high OV condition FEF-TMS decreases the tendency to 
choose left when this option receives higher total dwell time and it also decreases the 
tendency to choose right when the right option receives more overall dwell time.  (b) Reaction 
times (RTs).  Probability densities represent the distributions of RTs for the Vertex-TMS and 
FEF-TMS groups.  Dashed vertical lines indicate the mean RT of each distribution.  The 
overlapping probability densities and mean RTs between the Vertex-TMS and FEF-TMS 
groups in the Low OV condition (top panel) indicate no significant differences in RTs between 
the two groups.  Relative to the low OV condition (top panel), the Vertex group shows a 
greater proportion of short RTs during the high OV condition (bottom panel). Shorter RTs 
during the high OV condition (relative the low OV condition) for the Vertex-TMS group is also 
indicated by a smaller mean RT in the bottom panel, compared to the top panel. Probability 
densities in the high OV condition (bottom panel) show a greater proportion of long RTs in the 
FEF-TMS group compared the Vertex-TMS group.  (c, d, e) Empirical Cumulative 
distributions functions (ECDFs) of the estimated parameters of the aDDM. (c) TMS of the 
right FEF causes significantly higher theta parameters relative to control TMS, which implies 
a weaker discounting of the unattended option. (d) TMS of the right FEF leaves the drift 
parameter unaffected. (e) TMS of the right FEF also leaves the σ parameter (noise variance) 
unaffected.   (f and g)  Comparison of predicted choice and predicted reaction time behavior 
based on the estimated aDDM parameters with actual choices and actual RTs. The 
predictions provide an accurate fit for choices (f) and RTs (g).  The horizontal axis of the heat 
plots (f) indicates the dwell time advantage of the longest attended item (binned in quantiles) 
and the vertical axis indicates the OV of the decisions (binned in quantiles).  Colors indicate 
the probability of choosing the longest attended item. The empirical values indicate that the 
probability of choosing the longest attended item increases as OV increases but this tendency 
is less pronounced in the FEF-TMS group. The heat plots based on the simulations with the 
estimated model parameters reproduce this pattern. (g) Comparisons of the cumulative 
distribution of subjects’ actual RTs (black) with the distribution of the predicted RTs (Green) 
indicate the accurate fit generated by the estimated aDDM. 
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Fixed Effects Estimate Standard 
Error 
Z value P value 
Intercept 0.02886 0.05512 0.524 0.601 
TMS (FEF = 1, Vertex = 0) -0.01134 0.07719 -0.147 0.883 
OV condition (high = 1, low = 0) -0.10026 0.07797 -1.286 0.198 
TMS x OV condition 0.12555 0.10932 1.148 0.251 
 
Table S1 (related to Figure 2a).  First gaze location 
Logistic mixed-effects regressions on the location of the first gaze.  
Dependent variable equals 1 if the first gaze is on the best food item and 0 
otherwise. The baseline condition in this regression is Vertex stimulation with 
low OV decisions.  For this analysis we excluded trials with VD equal to 0 
because then there is no best food item.  Subject identity was used as a 
random effect to account for repeated measures. Note that FEF-TMS has no 
impact on the probability of looking at the best item first.  
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Fixed effects Estimate Standard 
Error 
T value P value 
Intercept 6.489 0.100 64.670 2-16 
TMS (FEF = 1, Vertex = 0) 0.020 0.140 0.140 0.8883 
VD ( Left value - Right value = [-1,0,1] ) 0.024 0.030 0.808 0.4189 
OV condition (high = 1, low = 0) -0.122 0.034 -3.577 0.0003  
Item location (Left = 0, Right = 1) 0.019 0.034 0.543 0.5869 
TMS x VD 0.003 0.041 0.077 0.9390 
TMS x OV condition 0.018 0.048 0.372 0.7097 
VD x OV condition 0.011 0.042 0.253 0.8000 
TMS x Item location -0.080 0.048 -1.667 0.0956 
VD x Item location -0.105 0.042 -2.518 0.0118 
OV condition x Item location -0.091 0.048 -1.871 0.0613 
TMS x VD x OV condition 0.017 0.059 0.285 0.7756 
TMS x VD x Item location 0.080 0.059 1.356 0.1751 
TMS x OV condition x Item Location 0.014 0.068 0.207 0.8358 
VD x OV condition x Item location -0.022 0.059 -0.379 0.7050 
TMS x VD x OV condition x Item location 0.006 0.083 0.070 0.9442 
 
Table S2 (related to Figure 2b).  Total dwell time on each food item 
Linear mixed-effects regression on the total dwell time on each food item. The 
dependent variable is the log of the total dwell time on each item in each 
decision (originally in milliseconds).  This log transform was performed to 
account for the skewed distribution of the dwell times.  Subject identity was 
used as a random effect to account for repeated measures. The baseline 
condition in this regression is the dwell time on the left food item, with Vertex 
stimulation and low OV decisions. This analysis shows that the total dwell 
time on each item decreases in the high OV condition relative to the low OV 
condition – a result that is predicted by the aDDM (Figure 1a,b). In line with 
Supplementary figure 2, the regression indicates that FEF-TMS has no 
observable effects on dwell times for the left or the right food item: the FEF 
dummy variable and any interaction with the FEF dummy is not significant.  
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Fixed Effects Estimate Standard 
Error 
Z value P value 
Intercept 0.43341 0.09801 4.422 0.0000009 
TMS (FEF = 1, Vertex = 0) -0.10278 0.13759 -0.747 0.4551 
Dwell time advantage (in ms) 0.23385 0.09321 2.509 0.0121 
OV condition (high = 1, low = 0) 0.05197 0.09427 0.551 0.5814 
TMS x dwell time advantage 0.19709 0.13117 1.502 0.133 
TMS x OV condition 0.01267 0.12812 0.099 0.9212 
OV condition x dwell time advantage 0.39714 0.15513 2.56 0.0105 
TMS x OV condition x dwell time 
advantage 
-0.58726 0.19424 -3.023 0.0025 
 
Table S3 (related to Figure 3a).  Choice behavior 
Logistic mixed-effects regressions on the probability of choosing the longest 
attended item.  Dependent variable equals 1 if the longest attended item is 
chosen and 0 otherwise. Subject identity was used as a random effect to 
account for repeated measures. The baseline condition in this regression is 
Vertex stimulation with low OV decisions. In both groups, the probability of 
choosing the longest attended item increases with the dwell time advantage 
and the high OV condition strengthens this effect of dwell time advantage. 
However, as predicted by our hypothesis, TMS of FEF mitigates this 
strengthening effect of dwell-time advantage.  
 
 
 
 
 
Fixed effects Estimate Standard 
Error 
T value P value 
Intercept 7.62137744 0.06247295 121.9948396 10-11 
TMS (FEF = 1, Vertex = 0) 0.01893323 0.08738772 0.2166578 0.828 
OV condition (high = 1, low = 0) - 0.0991433 0.01405331 -7.0548027 10-12 
TMS x OV condition 0.04972496 0.01971082 2.5227236 0.0116 
 
Table S4 (related to Figure 3b). Reaction Times 
Linear mixed-effects regression on reaction times (RTs). The dependent 
variable is the log of the RTs (which were measured in milliseconds).  This log 
transform was performed to account for the skewed distribution of the RTs.  
Subject identity was used as a random effect to account for repeated 
measures. The baseline condition in this regression is Vertex stimulation with 
low OV decisions. As predicted by the aDDM, the high OV condition reduces 
RTs. In addition, as predicted by our hypotheses, TMS of FEF mitigates this 
RT-reducing effect of high OV.   
 
 
 
 
 
